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[Abstract]

This study compared and evaluated ten segmentation AI models under identical conditions for real-time flooded-area
segmentation in urban flood CCTV videos. Using 89,995 images from the Busan Flood Risk Complex Dataset, the models were
analyzed in terms of mloU, class-wise IoU, FPS, and the number of parameters. The results showed that certain lightweight
models achieved high FPS but suffered from performance degradation in mloU and class-wise IoU. Therefore, this study designed
FloodSP-Net, a lightweight segmentation model that enables urban flood monitoring under limited computational resources and can
be deployed in CCTV-based monitoring environments. The proposed model achieved an mloU of 0.8018, 556.4 FPS, and 1.29M
parameters, showing reasonable performance in terms of mloU, FPS, and parameter size compared to existing lightweight models.
These results indicate that FloodSP-Net can serve as a practical lightweight segmentation model for CCTV-based real-time urban
flood monitoring.
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Table 1. Configuration of 10 segmentation models
No. Model Backbone Category
1 DeeplLabV3+ ResNet-50 Heavy baseline
Pole 2 | DeeplabVa+ |MobileNetva-Large|  -l9ntweioht
baseline
Bilateral
3 BiSeNetV2 Detail-Semantic Real-time CNN
Network
4 PP-LiteSeg STDC Real-time CNN
5 PIDNet-S PIDNet-S Real-time CNN
6 | SegFormer-B0 MiT-B0 oneignt
7 | DDRNet23-Slim |  DDRNet-23 Pualresolution
8 STDC1-Seg STDCH1 Real-time CNN
9 ENet ENet Encoder Ultra_ggﬂlwe@ht
10 |  Fast-SCNN Fast-SONN Fdge_onented

Rain_gutter
38 3. Pole, Pier, Rain_gutter 22| 212 %! GT 0|0|X|
Fig. 3. Original, GT images of Pole, Pier, Rain_gutter classes
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Table 2. Performance comparison of segmentation models

Model mloU FPS Parameters
?F?::r\ﬁti\é%; 0.9002 93.6 41.99M
BiSeNetv2 0.8594 600.9 2.04M
(Mogﬁee,\‘f;f/g\ﬁ;ge) 0.8411 455.8 11.03M
STDC1-Seg 0.8375 484.6 25.47M
DDRNet23-Slim 0.8274 617.0 3.68M
SegFormer—-B0 0.8212 331.4 3.52M
PP-LiteSeg 0.8097 545.3 6.50M
Fast-SCNN 0.7914 784.5 1.12M
PIDNet-S 0.7560 1459.0 1.67M
ENet 0.6587 404.4 0.21M

% 4. 105 M|RE o[ 2Hof 5 X ZHE loss B3}
Fig. 4. Training and validation loss curves of 10 segmentation
models
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Table 3. Class-wise loU by segmentation models

2iA JoU H| 1D

Model Background Driveway Pole Pier Water_side Water_area Rain_gutter
DeeplLabV3+ 0.9929 0.9909 0.8233 0.8321 0.9701 0.9769 0.7150
(ResNet-50)

BiSeNetV2 0.9823 0.9792 0.7724 0.7648 0.9365 0.9526 0.6277
DeeplLabV3+
(MobileNetv3-Large) 0.9874 0.9839 0.6780 0.7262 0.9513 0.9652 0.5959
STDC1-Seg 0.9846 0.9772 0.7220 0.7474 0.9427 0.9550 0.5335
DDRNet23-Slim 0.9794 0.9782 0.6621 0.7057 0.9281 0.9500 0.5882
SegFormer—-B0 0.9774 0.9752 0.6441 0.6921 0.9222 0.9440 0.5934
PP-LiteSeg 0.9839 0.9745 0.6642 0.6847 0.9368 0.9504 0.4734
Fast-SCNN 0.9663 0.9622 0.6423 0.6566 0.8876 0.9208 0.5038
PIDNet-S 0.9571 0.9450 0.5978 0.6559 0.8601 0.8666 0.4095
ENet 0.9308 0.9120 0.5054 0.4600 0.7707 0.7877 0.2443
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FloodSP—-Net Architecture

A. Model Definition
Dual-Branch Encoder

Spatial Pyramid Pooling with Residual Backbone for Flood Segmentation

Multi-Scale Decoder

Detail Branch: Spatial Detail Preservation 64x64 Feature Fusion At ’?x’:{!ﬁwm Flood Prediction Result
Stage D1 Stage D2 Stage D3 Dol 6164, 96ch  —— [Decoder 64x64 (7 Classes)
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Input Image 4 Context aligned (up): =
——
—» 8464, 96¢h -
Context: 64 x64, 84ch ‘UDS‘?”-meng
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Fig. 5. FloodSP-Net architecture and characteristics
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Table 5. Performance analysis of FloodSP-Net and 4 models

Model mloU FPS Parameters
FloodSP-Net 0.8018 556.4 1.29M
BiSeNetV2 0.8594 600.9 2.04M
Fast-SCNN 0.7914 784.5 1.12M
PIDNet-S 0.7560 1459.0 1.67M
ENet 0.6587 404.4 0.21M
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FloodSP—-Net 0.9912 0.9824 0.5562 0.7291 0.9266 0.9487 0.4785
BiSeNetV2 0.9823 0.9792 0.7724 0.7648 0.9365 0.9526 0.6277
Fast-SCNN 0.9663 0.9622 0.6423 0.6566 0.8876 0.9208 0.5038
PIDNet-S 0.9571 0.9450 0.5978 0.6559 0.8601 0.8666 0.4095
ENet 0.9308 0.9120 0.5054 0.4600 0.7707 0.7877 0.2443
http://dx.doi.org/10.9728/dcs.2026.27.6.1659 1666



gtghn|g] 5= =Hol|A FloodSP-Net 1.29Mo.2, A3t
%7} 3= BiSeNetV2 2.04MKET} 36.76% 2o shehn|g] 4
= B9lt}h 3 PIDNet-S 1.67M(mloU 0.7560) K.t} 22
st el A B & mloUE 7]538100k At 2719
}e}r|E] 22 Ho]¥= Fast-SCNN(1.12M, mloU 0.7914) 1.
o} FloodSP-Net-2 H|a $-9]1¢] o5 Blvk 7P 22 1}
ZE] 422 7|23 ENet(0.21M, mloU 0.6587)-2 73 &30l
oA §-917F dtar FAEL, mloU7F A4 o2 vlo} 7
S S A g7} rtar ghekEch

3131, FloodSP-Net& BiSeNetV2 thH] mloU%
FPS+= ARk 1.29M¢] 2bu]E] $2oA] mloU 0.80 o]’
7} 500 FPS o]4}e] 2 £52 dHale] AAIRF 1499
Ex)of| 28 7}Ee R gk

r

of

B o= A ESE CCTV 94t 78k A2 H4=
glo|d mHle] A5 543 sHAlE wA sk, 4
oA & 753 FloodSP-Net$ AgHsith. Ak 4=
A9 5 dlelElAl 89,9955 g-8sle] 1052] Al 1HE|
ol RS Y FoA Hlastglen, mloU, S~
loU, FPS, slE}rlE] 5 7|02 HHlo] A8 7Hs4dS o
7Fstsiet.

2 A3} DeepLabV3+ (ResNet-50) mloU 0.9002
2 7P 2o AFLES Bolou) 41.99M¢ debiy 2
olall x| 27 Aol Alofo] U9l BiSeNetVa2ts
mloU 0.8594, 600.9 FPS, 2.04M s}e}n|e 2 gatw=s} 2
AR SHelA 7P et #ES Btk v
Fast-SCNN, PIDNet-S, ENet®] &% mdle o FPSE
skl o), Aoz vhe mloU Aso] ¥t

olof B Aol M= A|gkE A AeA g S5
Fo|HAME A 7] Aot AN S R fle
FloodSP-Net& A3t} Aot 2L 1.29Me] vle}m]
B ol mloU 0.8018, 556.4 FPSE 7|=3kith
BiSeNetV2¢} Hlashd mloU9t FPSE wokon), o 22
e =2 0.80 °]4Fe] mloUgt 500 FPS o]Ake] F2
22 3 Elith wekbA FloodSP-Netd 28 vlebu]g
TE 7o g AIwel ANE I uH3 A Bl
=2 peec)

A 0 2= FloodSP-Net¢]| Pole¥} Rain_gutter 23
2ollA ZHz} 0.5562, 0.47859] IoUE 7]153te] AX- vl
e} ge A5S wodr) E3) Rain_gutter, Pole Z)
2= A o] Yl R 27 25 /X EE, el
HIE A F-3ollA] Al 4 ARE F538] Beshe o o
A7F QW Ao w wkgn) ek B s k] 24
3 2.5t dlo]g My} ¢l GPU 8748 7uko s 3%9lo
H, Hre] 5§ H2EA] obd Fd dlolEAl W A5E

AAIZE G T|HE DA E A BRI 2 M OEolE Al - i

tolHE A5 W7ol &&aisithk= A7t vt 5 21
SHoAM= B 21 vlae] A4S gEEl] fld Epoch
S 152 EY3s}ar Random Horizontal Flipthe: 283815 2
u, w2l HA Epoch ztole} thaksk Al7H4 374 wishE
3] RkdskA] &gk gk At 9l

olefgt IS FEa7] Asl FF ATelM = BA BE
RE, ddE 54 8% a7 S T4 g dERs A
gt AY-AFE 5] BA s Baska, vt
Tl 2 EtEgo] BdelA REe] Untks) g AATE A
2] PSS A5t} gtk Edk validation loss 7]
b 27] 89 Y % Epoch §4S 53 7k 2o
Ho] A5 vlud vt ek gEe] Ax2% At} of
7t S A A el ] Aot 2 AA 39 EAE ¢slst
7] f18f ey S, AAE 714, =AET 94 53F 2H
E Agsta, 94 1ol wet Ay AEE Ae4ow 24
sh= WEko R AFE FAstaa} gtk o) & Fal AR
I AREE AR Aedd 2 F8 72w B
Aos A7) A gk

B AT AAA71EA T AT-EIAAGLARD AL
o7 $3EYHYTH20260161001, &4+ SHEA] A

EAETAO 71 ).

#4223

[1] D. Dodman, B. Hayward, M. Pelling, V. Castan Broto, W.
Chow, E. Chu, ... and G. Ziervogel, “Cities, Settlements and
Key Infrastructure,” in Climate Change 2022: Impacts,
Adaptation and Vulnerability, Cambridge, UK: Cambridge
University Press, pp. 907-1040, 2022. https://doi.org/10.101
7/9781009325844.008

[2] Ministry of the Interior and Safety, 2023 Disaster Yearbook
(Natural Disaster), Ministry of the Interior and Safety,
Sejong, January 2025.

[3]J. Park, C. Yoon, Y. R. Kim, J.-G. Sung, and M. S. Kim, “A
Study on Transportation Response Strategies in Flood
Scenarios,” Journal of Digital Contents Society, Vol. 26, No.
11, pp. 3251-3257, November 2025. http://dx.doi.org/10.972
8/dcs.2025.26.11.3251

[4] AT Hub. Busan City Flood Risk Complex Data [Internet].
Available: https://aihub.or.kr/aihubdata/data/view.do?dataSe
tSn=71793.

[5] M. Rahnemoonfar, T. Chowdhury, A. Sarkar, D. Varshney,
M. Yari, and R. R. Murphy, “FloodNet: A High Resolution

1667 http://www.dcs.or.kr



C| X" 2el = &5 =&X|(J. DCS) Vol. 27, No. 6, pp. 1659-1668, Jun. 2026

Flood Scene
Understanding,” IEEE Access, Vol. 9, pp. 89644-89654,
June 2021. https://doi.org/10.1109/ACCESS.2021.3090981

[6] A. Gebrehiwot, L. Hashemi-Beni, G. Thompson, P.
Kordjamshidi, and T. E. Langan, “Deep Convolutional

Aerial Imagery Dataset for Post

Neural Network for Flood Extent Mapping Using
Unmanned Aerial Vehicles Data,” Sensors, Vol. 19, No. 7,
1486, March 2019. https://doi.org/10.3390/s19071486
[71 Y. Liang, X. Li, B. Tsai, Q. Chen, and N. Jafari,
“V-FloodNet: A Video Segmentation System for Urban
Flood Detection and Quantification,” Environmental
Modelling & Software, Vol. 160, 105586, February 2023.
https://doi.org/10.1016/j.envsoft.2022.105586
[8] Y. Wang, Y. Shen, B. Salahshour, M. Cetin, K.
Iftekharuddin, N. Tahvildari, ... J. L. Goodall, “Urban
Flood Extent Segmentation and Evaluation from
Real-World Surveillance Camera Images Using Deep
Convolutional Neural Network,” Environmental Modelling
& Software, Vol. 173, 105939, 2024. https://doi.org/10.101
6/j.envsoft.2023.105939
[9]1J. Zhao, X. Wang, C. Zhang, J. Hu, J. Wan, L. Cheng, ... and
X. Zhu, “Urban Waterlogging Monitoring and Recognition
in Low-Light Scenarios Using Surveillance Videos and Deep
Learning,” Water, Vol. 17, No. 5, 707, 2025. https://doi.org/
10.3390/w17050707
[10] L.-C. Chen, Y. Zhu, G. Papandreou, F. Schroff, and H.
Adam,

Convolution for Semantic Image Segmentation,” in

“Encoder-Decoder with  Atrous Separable
Proceeding of the 15th European Conference on Computer
Vision - ECCV 2018, Munich, Germany, pp. 833-851,
2018. https://doi.org/10.1007/978-3-030-01234-2 49

[11] A. Paszke, A. Chaurasia, S. Kim, and E. Culurciello,
“ENet: A Deep Neural Network Architecture for
Real-Time Semantic Segmentation,” arXiv:1606.02147,
2016. https://doi.org/10.48550/arXiv.1606.02147

[12] R. P. K. Poudel, S. Liwicki, and R. Cipolla, “Fast-SCNN:
Fast Semantic Segmentation Network,” arXiv:1902.04502,
2019. https://doi.org/10.48550/arXiv.1902.04502

[13] C. Yu, C. Gao, J. Wang, G. Yu, C. Shen, and N. Sang,
“BiSeNet V2: Bilateral Network with Guided Aggregation
for Real-Time Semantic Segmentation,” International
Journal of Computer Vision, Vol. 129, pp. 3051-3068,
2021. https://doi.org/10.1007/s11263-021-01515-2

[14] H. Pan, Y. Hong, W. Sun, and Y. Jia, “Deep
Dual-Resolution Networks for Real-Time and Accurate
Semantic Segmentation of Traffic Scenes,” I[EEE
Transactions on Intelligent Transportation Systems, Vol.
24, No. 3, pp. 3448-3460, 2023. https://doi.org/10.1109/TI

http://dx.doi.org/10.9728/dcs.2026.27.6.1659

1668

TS.2022.3228042

[15] M. Fan, S. Lai, J. Huang, X. Wei, Z. Chai, J. Luo, and X.
Wei, “Rethinking BiSeNet for Real-Time Semantic

in Proceeding of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), Nashville: TN, pp. 9711-9720, June 2021.
https://doi.org/10.1109/CVPR46437.2021.00959

[16] J. Peng, Y. Liu, S. Tang, Y. Hao, L. Chu, G. Chen, ... and
Y. Ma, “PP-LiteSeg: A Superior Real-Time Semantic
Segmentation Model,” arXiv:2204.02681, 2022. https://doi.
org/10.48550/arXiv.2204.02681

[17] J. Xu, Z. Xiong, and S. P. Bhattacharyya, “PIDNet: A
Real-Time Semantic Segmentation Network Inspired by
PID Controllers,” in Proceeding of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), Vancouver, Canada, pp. 19529-19539, June 2023.
https://doi.org/10.1109/CVPR52729.2023.01871

[18] E. Xie, W. Wang, Z. Yu, A. Anandkumar, J. M. Alvarez,
and P. Luo, “SegFormer: Simple and Efficient Design for

Segmentation,”

Semantic Segmentation with Transformers,” in Advances
In Neural Information Processing Systems, Vol. 34, pp.
12077-12090, December 2021.

ZaIAM(Min Seok Kim)

1 2023 A S st AR AT

20039 ~@ A st A g ekl ek Ak
20033 ~@ A BRAN/EATH ELAEATER
USTS A A7)

2243 (Chunjoo Yoon)

20008 : Q& 2w Sk}

2002\ : A} e X g A Bas)
A}

—— 2022\ : MEA Hf gL wE e et




	실시간 영상 기반 도시홍수 침수영역 탐지 경량 세그멘테이션 AI 모델 개발
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 본론
	Ⅲ. 세그멘테이션 AI 모델 성능 분석
	Ⅳ. FloodSP-Net 제안 및 성능 검증
	Ⅴ. 결론 및 향후 연구
	참고문헌


